ABSTRACT An accurate model is important for design and optimization control of centrifugal compressor. However, due to the varying operation conditions and the complexity of the flow dynamics inside it, establishing a satisfaction model of a new compressor is time and cost consuming. This paper proposes a rapid modeling method for centrifugal compressor based on model migration and support vector machines (SVMs). A general framework for centrifugal compressor model migration is given between two similar compressors, the base model of an existing old compressor is revised to fit for the new compressor by SVM using a small number of data. The effective of the proposed method is contrasted with pure SVM by a simulation case and the results show that, compared with the pure SVM, the migrated model can fit the new compressor faster with better accuracy, which is useful for reducing the cost and time in developing the model for new compressors.
I. INTRODUCTION
The centrifugal compressors are extensively employed in diverse industrial branches, especially in gas production and transportation, due to their high operating efficiency and wide operating flow ranges [1] - [4] . However, centrifugal compressors are often the major energy and money consumer in many industrial processes [5] , [6] . Design and optimization control of compressor therefore are energy and money economical. Nevertheless, an accurate performance prediction model is the basic for compressor design and optimization control. In this light, establishing an accurate model for performance prediction of centrifugal compressor in time is of great important.
Mechanistic models, which are based on fundamental mechanisms or principles, always play a crucial role in design and optimization of compressor. Intensive literatures have reported researches on developing mechanistic models of centrifugal compressors. Badmus et al. [7] and Botros [8] proposed system models of centrifugal compressor based on energy conservation principles and mass balance principles, respectively, both are capable to describe the dynamic characteristics of compressor, when they get into a surge. On the basic of Badmus and Botros, Gravdahl et al. [9] , [10] studied a model to active surge control, which can eliminate the additional actuator and has the potential of energy efficient operation. The model was validated against experiments. A model for performance prediction of multistage centrifugal compressor using the compressor geometric information and speed by a stage stacking calculation is presented in [11] , and the model provides a valuable tool for evaluating the multistage centrifugal compressor performance. A model, built upon the mass, energy, and entropy balance equations for compressible fluids, was employed for overcoming the sparse nature of the available compressor maps, characterizing the flow and efficiency outputs of automotive centrifugal compressors [12] . One-dimensional aerodynamic models, which establishes causality relationships among input and output variables that are tuned to match the real compressor by using operation data was proposed for industrial applications such as simulation and monitoring in [13] .
However, due to the varying operation conditions and the complexity of the flow dynamics and energy conservation inside the impeller and diffuser, developing an accurate mechanism model usually requires considerable experience and effort, and the researchers have to conduct a great deal of computation. Recently, several scholars seek data-driven methods to develop the compressor models, which are called data-driven model or empirical model. The approaches view the compressors as a black box, regardless of the internal mechanism, only research the direct relationship between the input and output data. Those data-driven models developed from historical data not only meet the need of control and/or optimization, but also apply to design, analysis and performance simulation, which provides an effective way of modeling. Sanaye et al. [14] applied the artificial neural network(ANN) to develop the thermal model of Rotary Vane Compressor (RVC), a large number of experiments data were measured and used to train ANN model for predicting RVC operating parameters. A modeling method via ANN approach to compressor performance prediction was proposed in literature [15] , different types ANNs were applied to compare the performance map. Reference [16] developed a data-driven surge maps model of Centrifugal Compressor based on an asymmetric support vector machine (ASVM) with the inputoutput data, the model was applied to surge detection and validated by applying the surge test data obtained from a testbed compressor at a manufacturing plant. In order to improve the accuracy of data model, a hybrid data modelling method was proposed [17] , [18] . A compressor thermodynamic performance prediction was carried out by applying a hybrid ANN-PLS model, which was determined with 5 hidden neurons and 7 latent variables. The ANN-PLS model performs better performance than the ANN model and the PLS model working separately [17] . A method combined back-propagation neural network with Gaussian kernel function is proposed to improve the predicting accuracy of compressor performance map, moreover this method has a superior prediction performance than conventional datadriven model, especially for the extrapolation with small samples [18] . However, to obtain a reliable empirical model, sufficient data is necessary. In practice, especially for the new compressors, the collection of experiments data is time and money consuming, and the historical operation data is also limited due to the short operation time. Hence, how to develop an accurate and reliable compressor model rapidly with less data is a key issue that is worth solving.
The concept of model migration, proposed by Lu and Gao, provided a positive direction to solve question mentioned above [19] - [23] . Its core methodology is to adjust the exiting model from old process, called base model, to fit the new process, just need the two processes are similar in some extend. Furthermore, Lu and Gao discussed different model migration strategies for each type of process similarity. For scale similarity, the traditional scale-up analysis in the dimensionless group may be helpful [22] . For the inclusive similarity, combining local difference models and the corrected base model was proposed [21] . A model migration strategy is proposed by taking advantage of an existing base model, and process attribute information for family similarity [23] . The objective of this method is to reduce experiment data to model a new process and make full-scale retraining unnecessary. It was note that the effectiveness of the method was confirmed by injection process [19] , [24] , [25] .
Considering two centrifugal compressors, despite of the difference in size, configuration and speed, the underling physics principles remain the same, the main input factors influence the performance of the two centrifugal compressors in the same or similar ways. That is to say, there is a same or similar input-output mapping relationship between the two compressors. Hence, the present work attempts to adopt the model migration technique to model centrifugal compressor, and propose a new rapidly modeling method for performance prediction of centrifugal compressor based on Support Vector Machine (SVM). This approach modifies the existing compressor model to meet the new compressor, and make up the differences between the two compressors by extracting the useful information from old compressor and utilizing small amount of data from new compressor. Meanwhile, Support Vector Machine(SVM) is selected to revise the exiting base model to fit the new compressor, due to the advantage of solving small sample size problem [26] - [29] . Specifically, the main performance of compressor, that is the pressure ratio and temperature ratio, is predicted, and the prediction performance of pure SVM model, without migration, is adopted to compare with the proposed method.
The remainder of this paper is organized as follows. A brief introduction of SVM algorithm will be given in Sect. 2. Section 3 will outline our overall methodology. In Section 4, the results and discussions will be presented. Finally, conclusions are summarized in Sect.5.
II. SUPPORT VECTOR MACHINE
Considering given a data set {x i ,
, where x i represents the input data, y i represents the corresponded output, l is the number of training data, the SVM is to search an optimal regression function, which can estimate all the training data [26] , and the regression function can be described as
where ω ∈ R n denotes the weight vector, ∅(x) denotes the nonlinear mapping function, and b denotes the bias. SVM is based on the risk minimization [28] , in order to estimate ω and b, the regularized function
should be minimized, where is empirical error,
denotes the flatness of the function. C is penalty factor, which denotes the correlation between empirical error and flatness of the model [30] . L ε (y, f (x)) is the ε-insensitive VOLUME 5, 2017
loss function and it can be described as
By introducing the slack variables ξ and ξ * , the equation (2) can be expressed as
The dual objective optimization problem can be solved by the solution of Lagrange multipliers [31] , the equation (4) can be written as
where a i and a * i are the Lagrangian operator, the nsv is the number of support vectors, K x i , x j is kernel function. In this paper, we choose Radial Basis Function (RBF) as the kernel function, the function can be described as
where σ is the RBF width parameter.
The structure of SVM is shown in Fig.1 . The intermediate nodes correspond to the inner product of input vectors and support vectors, and the output is the combination of the intermediate nodes. It's noting that only satisfy with α i − α * i = 0, the corresponding x i is the support vector. The generalization performance of SVM depends on the value of parameters C, ε and the kernel parameter. In this paper the selection of C is directly from the training data, and the selection of ε depends on the level of noise in training data. 
III. THE PROPOSED FRAMEWORK A. GIVEN BASE MODEL AND PRIOR INFORMATION EXTRACTION
As mentioned in the introduction, the base model in this paper, generally, refers to an existing model, which can describe the main characteristics of the old centrifugal compressor with satisfied accuracy and stability. It is worth that, for the method proposed in this paper, the base model could be mechanistic model, empirical model or hybrid model. No matter what kind of the base model is, obviously, it contains certain prior information of the old centrifugal compressor that can be extracted to assist the understanding of the new and similar centrifugal compressor. For example, the base model presents a valuable tool for evaluating which input factor has more-significant influence on the response variable and specify the possible safe operation range of the new centrifugal compressor.
Supposing that the old compressor has run a long time, and a certain amount of operating data have been collected, an appropriate performance prediction model could be developed subsequently, which is regarded as the base model.
It is worth noting that the prior knowledge usually contains rated value, design parameter performance curves, etc. Those information could be obtained from the manufacturers.
B. COLLECT THE DATA OF NEW COMPRESSOR
According to the parameter rated value, performance curves and other information of new compressor, the stable operating range of input variable can be determined and the discretesparse points can be selected to conduct the experiment to collect the modeling data, both input data and the corresponding output data will be combined as a pair. The collected data will be divided two parts. One is training data set, used to train the migrated model, the other one is validation data set, which used to test the model prediction performance. In order to ensure the collected data evenly cover the steady space, an appropriate sampling method is needed, in this paper, we adopted the Latin hypercube design (LHD) [32] to collect the data.
C. DATA PROCESSING
This section includes two aspects, interval conversion and normalization. Data interval conversion is mainly to deal with the range of input variables in the dataset. Due to the different operating range between old and new compressors. The data of new compressor need to map into the operating range of old compressor, so that the base model can give a corresponding predictive output. The linear transformation of input range between old and new compressor is applied
where x o and x n is the input value of old compressor and new compressor, x o,min and x o,max denote the high and low boundary of input range of old compressor, and the similar definitions are given for x n,min and x n,max . In order to ensure the stability of process during training SVM, and avoid the bad influence caused by discrepancy of dimension of quantity, we have to make sure the data is unitary data. In this paper we need to map the data including input of new model and the output of based model into [0∼1], the following mapping function are adopted
where y i is the unitary data, x i is the original data, x max and x min is the high boundary and low boundary of original data respectively.
D. MODEL MIGRATION AND MODEL VERIFICATION
Assuming the base model can be described as
where
. . , x o n denote the input variables of old compressor, f (.) is a function, denoting the old compressor. y is the output of base model. Having obtained the base model and the training dataset, the base model should be migrated to fit the new compressor. The migration strategy is described in Figure 2 . In this strategy, apart from the input variables of new compressor x n 1 , x n 2 , . . . , x n n , the output of base model (y 1 ) is also as an additional input to the new model development. The reason for this is that the two compressors are similar, the base model must be similar to the new model, and the output of the base model is a representation of the input data, which should be useful for the new compressor. It can represent the behavior of base model, thereby reducing the amount of data need for new model development [19] . Such a new model can be developed with SVM approach. A RBF function, described in Eq.7, is chosen as the kernel function. In this algorithm, the best parameters of penalty factor C and the variance of RBF kernel function (ε) are determined via cross validation. In order to verify the effectiveness of the new model, a mean square error (MSE) function and mean relative error (MRE) are introduced. Meanwhile, the value of MSE also regard as the stop rule, and determine whether to stop the train process, If the output of new migrated model provided a satisfied value of MSE we set, the training process is finished. Otherwise, we must collect more experiment data for model migration training. The function of MSE and MRE can be described as 
where L indicates the number of sampling points, y i represents the real value,ȳ i represents the predictive value. In sum, the whole method contains following main steps 
IV. ILLUSTRATION AND DISCUSSIONS
In this section, we applied a case study to illustrate the effectiveness of the proposed method, and compared the prediction performance of the proposed method with that of a pure SVM model without migration strategy.
The case under study is a centrifugal compressor of the gas system of Combined Cycle Power Plant (CCPP). The gas system consists of multistage centrifugal compressor, Gas-Liquid Scrubbers (GLS), and Coolers, Gas regulating valve (T1) and Anti-surge valves (A1and A2) as shown in Fig. 4 . The centrifugal compressor consists of three stage, one Low-Pressure stage (L-P Compressor) and two Highpressure stage (H-P Compressor). The centrifugal compressor is the major power consumer equipment of the whole gas system and as the core part in the CCPP system, the safe and stable operation of it affect the stability of the gas system and the whole CCPP. Thus, the performance prediction and optimization control of centrifugal compressor is of great important. In this paper, all the algorithms are implemented VOLUME 5, 2017 in Matlab R2014a and the support vector machine algorithm is solved by the Libsvm toolbox [33] .
Due to the constraints of the production conditions, it is difficult for us to employ the actual compressor for simulation studies directly. In order to solve this problem, we adopted a mechanistic model of the centrifugal compressor to take place of the real compressor in the simulation. The mechanistic model was developed in our previous works [11] , [34] , [35] , and it provide a valuable tool for evaluating the multistage centrifugal compressor performance as a function of various operation parameter. The validation of the mechanistic model has be verified by the real operation data from the gas system of the power plant mentioned above. The mechanistic model can describe the main characteristic of the centrifugal compressor by calculated the incidence losses and friction losses in the impeller and diffuser of each stage in details and allows the users to predict the compressor performance, e.g. pressure ratio, efficiency and losses using the compressor geometric information and speed by a stage stacking calculation.
The multi-stage centrifugal compressor of the gas system is considered as the existing and old centrifugal compressor, its model is available. Then, one of the key issues in the simulation is how to simulate the new and similar centrifugal compressor. In our previous work [11] , based on the developed mechanistic model, we did a detailed discussion of the effect of reference diameter, impeller exit diameters and blade inlet setting angle changes on the pressure/temperature ratio, efficiency and losses through numerical simulation. Correct and reasonable conclusions are obtained which are useful for the design and optimization of the centrifugal compressor. Thus, we simulate the new and similar centrifugal compressor by adjusting some key geometry parameters of the old compressor mechanistic model. Then, two similar virtual centrifugal compressors are available for simulation. As mentioned above, the old mechanistic model is called type A model, the new and similar mechanistic model is called type B model. The geometric parameters adjusted and the performance comparison between type A and B model are introduced in the Appendix.
For the two different mechanistic models, type A was applied as the base model, and its outputs were used as the additional input of SVM for model migration. Type B was employed to simulate the new and similar centrifugal compressor and generate simulation data to demonstrate the validation of the proposed method.
According to the previous works [33] , [35] , inlet pressure, inlet temperature, rotational speed and mass flow rate are the main input variables of the performance of centrifugal compressor, and pressure ratio and temperature ratio as the corresponding output responses. Through simulation experiment and analysis of the compressor performance, the safe and stable operation ranges of input variables of the old and new compression process can be determined and list in Table 1 . Noting that the stable operating ranges of old compressor is from the prior knowledge.
After obtaining the stable operating ranges of the new compressor, we need to generate the simulation data for the validation of the proposed method. According to the procedure of the method proposed in this paper, in order to reduce the quantity of data used for migration and ensure the collected data evenly cover the steady space achieving uniform coverage, an appropriate sampling method is needed. We adopted the Latin hypercube sampling [32] to determine the simulation value of the inputs. Then, we applied those inputs to the type B mechanistic model, the corresponding outputs can be calculated. In this case study, 50 sample data was generated using the new compressor model, i.e. type B mechanistic model. Furthermore, in order to simulate the real operation and measurement environment, noise (0.02 * (2 * randn(50,1)-1)) was added to the pressure ratio and temperature ratio, respectively.
The main advantage of the proposed method is time and cost saving, i.e. can fit the new compressor faster with high accuracy. In other words, if the same prediction precision is achieved, fewer data are required for the proposed method compared to the methods without migration strategy. Furthermore, if the same quantity and quality data is used, the model developed based on the proposed method may have a higher accuracy compare with the model established by the methods without migration strategy. In order to demonstrate the superiority of the proposed method, two contrasts have been made between the proposed method and the pure SVM model without migration.
Firstly, to demonstrate the validation of the proposed method, the 40 sample data were added to the training data set batch by batch, and the training data set was applied to train the migration model and a pure SVM model respectively. For the initial number of training data set (n 0 ), Box et al. proposed [36] that no more than a quarter of experiment budget was allowed in the initial stage of experiment, that is n 0 ≤ 0.25 * 10d (d is the dimension of input variables). In this case study, we determined the initial number n 0 = 8 to start the training data set. Often, the initial number of the training data set is not sufficient for model migration, then, we increase four observations in each following training. For each training finished, the prediction errors (Mean Square Error, MSE) of pressure ratio and temperature ratio of the sample data are shown in Fig.5 . According to the industrial practical application, the MSE=0.22 of pressure ratio and MSE=0.006 of temperature ratio were selected as the stop threshold values for a reasonable accuracy respectively. Those stop rule lines are also plotted in Fig.5 simultaneously. It can be seen that, obviously, the prediction errors of the migration model decrease faster than that of the pure SVM model. On other hand, the proposed method met the requirement of pressure ratio we set after 2 batches of model training, however, 5 batches needed for pure SVM method. The same as pressure ratio, for the temperature ratio, they were 3 batches and 6 batches respectively. Noting that in the simulation, the parameters of SVM, C and ε are C = 2.0 and ε = 0. 19 .
Furthermore, to demonstrate that the migration model can obtain higher accuracy compared to the pure SVM model with the same quantity and quality training data. We randomly selected 30 samples data to train the migration model and the pure SVM model respectively, and the rest 20 samples data were used as the test data. Figs. 6(a) and (b) compare the predictive performance of the migration model with that of the pure SVM model of the compressor pressure ratio and temperature ratio respectively. The simulated outputs of the type B mechanistic model are also plotted in Fig.6 . It can be seen that, the prediction performance of the migration model is all much better than that of the pure SVM model both of the compressor pressure ratio and temperature ratio.
The corresponding predictive errors, the mean relative error (MRE) and mean square error (MSE) of the migration model and pure SVM model are listed in Table 2 . From Table 2 , we can see that, for compressor ratio, the MSE and MRE of the migration model are 1.1% and 2.18×10 −3 respectively, the MSE and MRE of the pure SVM model are 3.18% and 17.76×10 −3 respectively. Obviously, with the same quantity and quality training data, the migration model has much better prediction accuracy for the pressure ratio. For the temperature ratio, we can get the similar conclusion from Table 2 .
V. CONCLUSIONS
Centrifugal compressors, as a highly complex energyconsumer equipment, are widely used in diverse industrial branches. The fast obtaining of accurate and reliable performance prediction model is of great important for the control and operation optimization of the centrifugal compressor. The present work proposed a rapid modelling method based on model migration and SVM for centrifugal compressor. The proposed method utilizes the existing and similar old compressor model and the prior information to assist and accelerate the establishing of the performance prediction model of new centrifugal compressor. The main steps contain information extraction, dada collection and processing and model migration. Finally, we compared the performance of proposed method with that of the pure SVM model, and verified the effectiveness of proposed method. The rapid modeling method proposed in this paper provide a value tool for reduce the time and cost consumption in modeling the centrifugal compressor.
APPENDIX TYPE A AND B MECHANISTIC MODEL
As mentioned in the body, due to the constraints of the production conditions, it is difficult for us to employ the actual compressor for simulation studies directly. In order to solve this problem, we adopted a mechanistic model of the centrifugal compressor to take place of the real compressor in the simulation.
In our previous works [35] , [11] , a detailed mechanistic model for performance prediction of multi-stage centrifugal compressor is proposed. Without any experimental curves, the model allows the users to predict the compressor performance, e.g. pressure ratio, temperature ratio, efficiency and losses using the compressor geometric information and speed by a stage stacking calculation based on the characteristics of each stage. To describe the compressor elemental stage characteristics, the compressor losses, such as incidence losses and friction losses, are mathematically modeled, so are others losses, clearance loss, back flow loss and volute loss.
The mechanistic model provides a useful tool for simulating the operation of multi-stage centrifugal compressor, and parameter study to demonstrate the influence of changes in geometry on the performance of stage and the whole compressor under both design and off-design conditions. The validation of the mechanistic model has been verified by the real data from the gas system of the CCPP mentioned in the text. In this paper, we employ this mechanistic model to take place the real centrifugal compressor of the gas system to generate the simulation data for the validation of the proposed method.
The multi-stage centrifugal compressor of the gas system is considered as the existing and old centrifugal compressor, its model is available. One of the key issues in the simulation is how to simulate the new and similar centrifugal compressor. In our previous work [35] , based on the mechanistic model, we did a detailed discussion of the effect of reference diameter, impeller exit diameters and blade inlet setting angle changes on the pressure/temperature ratio, efficiency and losses through numerical simulation. Correct and reasonable conclusions are obtained which are useful for the design and optimization of the centrifugal compressor. Thus, we simulate the new and similar centrifugal compressor by adjusting some key geometry parameters of the old compressor mechanistic model as shown in He is currently a Professor with the China University of Mining and Technology. His research interests include process control, networked control system, and fault detection.
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